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scatterplots and becomes more important with a growing number of data points and groups. An
appropriate color mapping is also an important parameter for the creation of an aesthetically
pleasing scatterplot. Currently, users of visualization software routinely rely on color mappings that
have been pre-defined by the software. A default color mapping, however, cannot ensure an optimal
perceptual separability between groups, and sometimes may even lead to a misinterpretation of the
data. In this paper, we present an effective approach for color assignment based on a set of given
colors that is designed to optimize the perception of scatterplots. Our approach takes into account
the spatial relationships, density, degree of overlap between point clusters, and also the background
color. For this purpose, we use a genetic algorithm that is able to efficiently find good color
assignments. We implemented an interactive color assignment system with three extensions of the
basic method that incorporates top K suggestions, user-defined color subsets, and classes of
interest for the optimization. To demonstrate the effectiveness of our assignment technique, we
conducted a numerical study and a controlled user study to compare our approach with default color
assignments; our findings were verified by two expert studies. The results show that our approach is
able to support users in distinguishing cluster numbers faster and more precisely than default
assignment methods.
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Numerosity Correlation Cluster Separation

54 - 50 -— 80 - 80
T 4 a0 0
- L
3 3.0 30 30 30
L % 25 B
£ 2 : 2 20
(=] : — 20 i
1 _ 1.0 o _ 10
s —_ 80 o
2 4 ? 40 — 40
2 i i i
33 H :
N 23 3.0 20 .L'30 30 oo 30
- g I I
€
= 4 20 20
o : & : i
1. =l = 19 = 10
. > — =] Y, 2 | = SN H >
o stacked barchart: fPFTEA, —PlRLFRAEXSE, H—FoRBETH I HEXSE, WHE
I would learn more about this dataset if | had more time to explore it 2 3 A
I had insights on detailed relations and trends within the dataset. 4 6
| made many observations and reached many insights il s 4 HEER
My exploration was influenced by what | learned in the process. [t 2 1N
| could comfortably use the tool to explore the data 1 5 3 IR
My exploration was targeted H:2 2 4+ HEN
| was familiar with the topic of the dataset el
I have confidence that my observations were correct En 2 3
My exploration was comprehensive. B s 3 2 HEN
My insights about the datasets are valuable to me. 5 3 1B
Strongly Disagree NN S strongly Agree

Fig. 10. Results from post-exploration surveys, focusing on the self-
evaluation of data exploration experience. Each question includes
12 responses, across six participants on each dataset they explored.
The color shows agreement, and the answers are aligned on neutral
response, and sorted by mostly-positive agreements first.
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Figure 6. Stacked bar chart of subjective ratings with respect to ease of
use, informativeness, and helpfulness of the four evaluated visualization
techniques. Each volunteer answered a seven-point Likert scale with the
subjective questionnaire after a round of experiment. Thirty ratings for
each metric and technique were collected from 15 volunteers with two
rounds of experiments.

BEH MR BRSO 2 X — 2!



